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Integrative pan-cancer analysis
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identified GLS as a biomarker in
tumor progression, prognosis,
Immune microenvironment, and
immunotherapy
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Glutaminase (GLS), a crucial gene regulating glutaminolysis, has received much attention as it

was found to regulate tumor metabolism and copper-induced cell death. However, its biological

roles and mechanisms in human cancers remain obscure. Consequently, the integrated pan-cancer
analyses and biological experiments were conducted to elucidate its oncological functions. We found
GLS was differentially expressed in human cancers and upregulated GLS predicted poor survival,
clinicopathological progression, and tumor heterogeneity. Single-cell analysis found GLS was closely
related to various biological functions and pathways. Spatial transcriptomic analysis found GLS
expression was mainly derived from tumor cells, which implies tumor cells may have a stronger ability
to utilize glutamine than antitumor immune cells in the tumor microenvironment (TME). Meanwhile,
we noticed GLS expression was strongly related to the infiltration of various immune cells and stromal
cells, the expression of immunomodulatory genes, the activity of some conventional antitumor
agents, and the therapeutic response of immunotherapy. Moreover, enrichment analyses suggested
GLS was related to various metabolic reprogramming, innate and adaptive immunity suppression,
and extracellular matrix remodeling. Finally, we observed GLS was highly expressed in our gastric
cancer (GC) cohort. As an independent risk factor for GC prognosis, high-GLS was closely related to
pathological progression. Inhibiting GLS expression in GC cells effectively prevented proliferation,
migration, and invasion and triggered apoptosis. In conclusion, GLS is an underlying biomarker for
oncological progression, prognosis, TME, antitumor drug sensitivity, and immunotherapy response.
Targeting GLS can facilitate the implementation of individualized and combined treatment strategies.
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Globally, cancer has been recognized as a leading cause of death, as its incidence and mortality are rising quickly'.
The aberrant alternations of cancer-associated genes drive the complex process of tumorigenesis, progression, and
evolution, resulting in significant heterogeneity and poor prognosis, which remains considerable challenges for
tumor treatment®~!. Immunotherapy has made remarkable progress and has become a key therapeutic strategy
for multiple tumors in recent years, whereas only subsets of tumor patients benefit from it>. Consequently, it is
extremely indispensable to seek potential genetic biomarkers for predicting which patients may be suitable for
immunotherapy.

In addition to glucose metabolism, uncontrolled glutamine metabolism is another crucial prerequisite for
tumor biosynthesis and energy supply®. Specifically, glutamine is a pivotal carbon pool and nitrogen pool for
malignant cells, and its catabolism provides precursors for the biosynthesis of nucleotides and non-essential

1Department of Gastric and Colorectal Surgery, General Surgery Center, The First Hospital of Jilin University,
Changchun 130021, Jilin, China. 2Department of Clinical Epidemiology, The First Hospital of Jilin University,
Changchun 130021, Jilin, China. *email: jiangjing19702000@jlu.edu.cn; jd3d2ub@jlu.edu.cn

Scientific Reports | (2025) 15:525 | https://doi.org/10.1038/s41598-024-84916-w nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-024-84916-w&domain=pdf&date_stamp=2024-12-31

www.nature.com/scientificreports/

amino acids, thereby facilitating the proliferation and division of tumor cells’~. Besides, glutamine participates
in the generation of glutathione and nicotinamide adenine dinucleotide phosphate to maintain cellular redox
balance, thereby creating a favorable microenvironment for cellular malignant transformation and survival'®!1,
Moreover, due to the decreased flux of oxidative phosphorylation in tumor cells resulted from the Warburg
effect, glutamine endlessly supplies tricarboxylic acid (TCA) cycle intermediates a-ketoglutarate to replenish the
energy expenditure needed for sustained proliferation'?!®. Briefly, tumor cells can reprogram aforementioned
glutamine metabolism pathways to support their energy requirement and biosynthesis.

Glutaminase (GLS), a crucial regulator of glutamine metabolism, is responsible for hydrolyzing glutamine
to glutamate and ammonia'®. Physiologically, GLS expression is primarily concentrated in the kidney and
brain tissues, involved in cellular energy metabolism, cerebral neurotransmitter synthesis, and renal acid-base
maintenance!>!®. However, GLS expression is often dysregulated in malignant cells as metabolic reprogramming
occurs. Its dysregulation continuously drives glutaminolysis for the complement of TCA cycle and biosynthetic
consumption, assisting malignant tumors to spread wildly. Therefore, targeting GLS-mediated glutamine
metabolism to deprive the glutamine utilization of tumor cells is promising as a therapeutic strategy for cancer,
which has received extensive attention. Remarkably, a recent study has reported GLS, as a cuproptosis-related
gene, negatively regulates copper-triggered cell death!”. Since this novel cell death pattern may be involved in
the tumorigenesis and progression, it once again arouses academic interest in GLS research. Although GLS is
recognized to drive tumorigenesis, the detailed roles of GLS in prognostic outcome, tumor microenvironment
(TME), immunoregulation, and immunotherapy still need to be systematically investigated based on multi-
omics analyses.

In this research, a systematic pan-cancer analysis was performed to mainly elucidate the association of GLS
with tumor progression, prognosis, single-cell function, genetic alteration, antitumor drug sensitivity, immune
microenvironment, and immunotherapy response, aiming to clarify its biological functions in human tumors
and provide a reference for decision-making of individualized and combined antitumor therapies. In addition,
we validated its expressed differences in gastric cancer (GC) as well as its potential roles in tumor progression and
prognosis using a clinical GC cohort and in vitro biological experiments. Briefly, we found GLS is an underlying
prognostic, therapeutic, and immunological biomarker in human cancers.

Materials and methods

Data collection

Transcriptomic datasets of 33 cancer types and their matching clinical data were derived from The Cancer
Genome Atlas (TCGA) (https://portal.gdc.cancer.gov), Genotype-Tissue Expression (GTEx) (https://gtexport
al.org), and Therapeutically Applicable Research to Generate Effective Treatments (TARGET) (https://ocg.ca
ncer.gov/programs/target) databases. The transcript of GLS in each sample was extracted and log,(TPM +1)
transformation was performed in these transcriptomic profiles. The abbreviations and expanded names of 33
tumor types are displayed in Table 1. The samples derived from tumor tissues and corresponding normal tissues
were included for further pan-cancer analysis but the samples with missing gene expression or lacking required
clinical information were eliminated. The proteomics datasets of GLS were derived from the Clinical Proteomic
Tumor Analysis Consortium (CPTAC) (https://pdc.cancer.gov/pdc/) and all proteomic expression values were
converted into unitless Z-scores. Furthermore, the single-cell spatial transcriptome datasets were acquired from
the Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) and 10x Genomics (https://www.10
xgenomics.com/) databases. The workflow in this study is demonstrated in Fig. 1.

Differential expression analysis

The mRNA expression of GLS between tumor and normal tissues was compared in TCGA samples with or
without matched GTEx data across 33 tumor types. The co-expression correlation analysis across TCGA tumors
was performed to clarify the correlation between GLS and the remaining 9 confirmed cuproptosis-related
genes (CRGs). Furthermore, we investigated the total protein levels of GLS utilizing the CPTAC samples, and
Wilcoxon rank sum tests were selected to compare protein expression differences between different groups.
Lastly, the immunohistochemical (IHC) staining images were acquired to supplement and validate the GLS
protein expression in different tissues through inquiring about the Human Protein Atlas (HPA) (https://ww
w.proteinatlas.org/) database, in which the quantity of stained cells (including not detected, <25%, 25-75%
and >75%) and staining intensity (including negative, weak, moderate, and strong) were used to assess the
expression levels of GLS protein.

Association between GLS expression and clinical characteristics

The relevance of GLS expression to distinct clinical features was investigated. We further detected the expression
difference of GLS across the different demographic and oncological characteristics, including gender, age,
pathological TNM stage, and histological grade across TCGA tumor samples. Furthermore, the “Gene
expression comparison” module in TNMplot (https://tnmplot.com/analysis/) was manipulated to analyze
whether GLS expression was associated with tumor metastasis. The differential levels of GLS among normal,
tumor, and metastatic samples were compared based on the RNA-Seq data and gene chip data. Differential
expression analyses were measured via the Kruskal-Wallis test with a post-hoc Dunn’s test or One-way ANOVA
with a post-hoc Tukey Honestly Significant Difference test when appropriate.

Survival analysis

We selected the overall survival (OS), disease-free interval (DFI), and progression-free interval (PFI) to assess
the potential impact of GLS expression on survival outcomes. After excluding the patients with follow-up time
or survival time less than thirty days, the potential prognostic role of GLS expression in TCGA and TARGET
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Number | Tumor types Abbreviations
1 Adrenocortical carcinoma ACC

2 Bladder urothelial carcinoma BLCA
3 Breast invasive carcinoma BRCA
4 Cervical squamous cell carcinoma and endocervical adenocarcinoma | CESC
5 Cholangiocarcinoma CHOL
6 Colon adenocarcinoma COAD
7 Lymphoid neoplasm diffuse large B-cell lymphoma DLBC
8 Esophageal carcinoma ESCA
9 Glioblastoma multiforme GBM
10 Head and neck squamous cell carcinoma HNSC
11 Kidney chromophobe KICH
12 Kidney renal clear cell carcinoma KIRC
13 Kidney renal papillary cell carcinoma KIRP
14 Acute myeloid leukemia LAML
15 Brain lower grade glioma LGG
16 Liver hepatocellular carcinoma LIHC
17 Lung adenocarcinoma LUAD
18 Lung squamous cell carcinoma LUSC
19 Mesothelioma MESO
20 Ovarian serous cystadenocarcinoma ov

21 Pancreatic adenocarcinoma PAAD
22 Pheochromocytoma and paraganglioma PCPG
23 Prostate adenocarcinoma PRAD
24 Rectum adenocarcinoma READ
25 Sarcoma SARC
26 Skin cutaneous melanoma SKCM
27 Stomach adenocarcinoma STAD
28 Testicular germ cell tumors TGCT
29 Thyroid carcinoma THCA
30 Thymoma THYM
31 Uterine corpus endometrial carcinoma UCEC
32 Uterine carcinosarcoma UCs
33 Uveal melanoma UVM

Table 1. The expanded names and abbreviations of 33 tumor types.

cohorts was analyzed. The “maxstat (v.0.7.25)” R package was utilized to calculate the optimal cutoff value of the
GLS expression. The “survival (v.3.3.1)” and “survminer (v.0.4.9)” R packages were applied to analyze prognostic
differences. The Kaplan-Meier (K-M) survival curves were delineated in diverse GLS expression subgroups and
Cox regression was performed to determine whether these survival curves were significant. Additionally, the
“K-M plotter” module in Kaplan-Meier Plotter (https://kmplot.com/analysis/) was manipulated as a supplement
to illuminate its prognostic effects on tumor patients.

Single-cell analysis and spatial transcriptomic atlas

Single-cell sequencing technology has become a crucial tool to explore tumor progression, heterogeneity, and
therapeutic response. We dissected the tumor single-cell sequencing data to examine the relationship between
GLS expression and 14 single-cell functional states across multiple tumor types via the CancerSEA (http://biocc
.hrbmu.edu.cn/CancerSEA/) platform, where the gene set variation analysis (GSVA) and Spearman’s correlation
were employed separately to calculate the tumor single-cell functions and the correlation between these functions
and GLS expression. The functional states with the most significance (p <0.001) and corresponding expression
distribution diagrams were also simultaneously obtained in specific single-cell samples in the CancerSEA
database. With no STAD data available in the CancerSEA database, it was necessary to further elaborate on the
biological roles of GLS in STAD. Hence, we acquired a single-cell transcriptome dataset (GSE167297), which
included 41,554 cells, downloaded from the TISCH (http://tisch.comp-genomics.org/) database. To identify
clusters and patterns in the STAD dataset, we applied the Uniform Manifold Approximation and Projection
(UMAP) method to visualize high-dimensional data as a two-dimensional heatmap, and to visualize GLS
expression at single-cell resolution. Meanwhile, the Kruskal-Wallis test was utilized to compare its biological
expression among different cell types. According to whether these cells expressed GLS or not, we divided them
into the GLS-positive expression group and GLS-negative expression group and calculated the proportion of
each cell type in the two groups respectively. To evaluate the biological effects of GLS expression on tumor
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Fig. 1. Diagram of main workflow in this study.

cells, various biological pathways related to immunity, metabolism, mitochondria, cell death, proliferation, and
signaling were enriched in malignant tumor cells using the “AUCell (v.1.26.0)” R package and the referenced
Hallmark and MitoCarta3.0 gene sets'®!°. The differences in pathway scores between the two groups of malignant
tumor cells were compared via the “limma (v.3.60.0)” R package.

Single-cell spatial transcriptome samples were obtained from the GEO (GSE203612, GSE175540, and
GSE179572) and 10x Genomics databases. Detailed sample sources are provided in Table S1. To accurately
identify the cell composition in each spot on the slides, deconvolution analysis was performed based on the
referenced scRNA-seq data. Firstly, we constructed a signature matrix by calculating the average expression
of specific expression genes for each cell type in each spot. Next, based on the “get_enrichment_matrix” and
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“enrichment_analysis” functions in the “Cottrazm (v.1.0.0)” R package, we generated the enrichment score
matrix for cell composition identification. Then, the most abundant cell type and GLS expression landscape in
each spot were calculated and visualized utilizing the “SpatialDimPlot” and SpatialFeaturePlot” functions in the
“Seurat (v.5.0.3)” R package. Furthermore, a malignant spot was defined if its cells were exclusively malignant,
and a normal spot was defined if its cells were exclusively non-malignant. Otherwise, the mixed malignant spot
was defined. Wilcoxon rank sum tests were utilized to assess statistical differences in GLS expression between
the two groups.

Landscapes of genetic alteration and genomic heterogeneity

The cBioPortal (https://www.cbioportal.org/) was manipulated to elucidate the genetic alteration across the
TCGA tumors, involved in genetic mutation, amplification, structural variant, and deep deletion, based on
the “Query” searching module and “TCGA PanCancer Atlas Studies” datasets. Then the “Immune-Mutation”
module in TIMER2.0 (http://timer.cistrome.org/) was utilized to clarify the association of the GLS mutation
with multiple immune cell infiltration. Lastly, to delineate whether genomic heterogeneity was relevant to GLS
expression, we analyzed chromosome ploidy, homologous recombination deficiency (HRD), and mutant-allele
tumor heterogeneity (MATH) based on the Sangerbox3.0 platform (http://vip.sangerbox.com/), in which the
ploidy and HRD data were derived from a previous study?’, and MATH scores were calculated using the simple
nucleotide variation datasets across TCGA tumor samples from TCGA portal based on the “inferHeterogeneity”
function of “maftools (v.2.8.5)” R package.

Analysis of antitumor drug sensitivity

To uncover the association of GLS expression with antitumor drug sensitivity, we retrieved the pharmacogenomic
datasets by searching the CellMiner database (https://discover.nci.nih.gov/cellminer/home.do). The classic NC
1-60 cancer cell line was selected for cytotoxic screening of antitumor compounds in vitro®!. The drug activities
for chemotherapies, targeted therapies, and endocrine therapies with Food and Drug Administration (FDA)
approval were examined to search for potential antitumor therapeutic agents. Correlation analysis was performed
between GLS mRNA expression (Z-value) and drug activity.

Analysis of tumor immune microenvironment

To investigate the association of GLS expression with tumor immune microenvironment, we performed a
Single-sample Gene Set Enrichment Analysis (ssGSEA) algorithm for various immune cell infiltration analyses
in TCGA tumor samples. Based on markers for various immune cells reported in previous literature, the “GSVA
(v.1.46.0)” R package was applied to perform the ssGSEA analysis?2. B cells, T cells, dendritic cells (DCs),
eosinophils, mast cells, natural killer (NK) cells, macrophages, neutrophils, and cytotoxic cells were selected
to analyze their infiltration levels. Additionally, the “Immune-Gene” module in TIMER2.0 was manipulated to
explore the association between GLS expression and various infiltrated cells in the TME. CD4* T lymphocytes,
CD8* T lymphocytes, cancer-associated fibroblasts (CAFs), endothelial cells (ECs), regulatory T cells (Tregs),
and myeloid-derived suppressor cells (MDSCs) were filtrated for further correlation analysis. The default
immune deconvolution methods in TIMER2.0 were utilized to calculate the infiltration abundances of various
cells.

Analysis of immunogenomics and immunotherapeutic response

Immune checkpoints (ICPs), as immune regulators, act a pivotal part in maintaining tumor immune
microenvironment. Targeting ICPs remains an especially considerable immunotherapy modality today. We
acquired an immunomodulatory gene list from a previous study that included 24 inhibitory checkpoints?. The
co-expression connections between GLS expression and these immunomodulatory checkpoints were analyzed
across TGCA tumors through correlation analysis. Furthermore, in malignant tumors, the dysregulated
chemokines as well as their receptors can change immune cell recruitment and activation, often towards a
tumorigenic state, which has become a potential target for tumor immunotherapy**-?°. Thus, correlation
analyses were performed to examine whether GLS expression was relevant to chemokines and their receptors
across various TGGA cancer types.

To illustrate the roles of GLS in immunotherapy, several tumor immunogenicity predictors, including
microsatellite instability (MSI), tumor mutational burden (TMB), and tumor neoantigen that were acquired
from Sangerbox3.0 platform, were selected to estimate the immunotherapeutic response in TCGA tumors.
The radar map visualized the correlations between GLS expression and MSI, TMB, and tumor neoantigen.
Since immunophenoscore (IPS) is a well-established and remarkable predictor of immunotherapy response,
we categorized the TCGA tumor patients into different subgroups based on the GLS expression median and
compared the IPS levels between the different subgroups. The IPS scores in TCGA samples were acquired
from the TCIA (https://tcia.at/home) database. A higher IPS score implies a more sensitive response to
immunotherapy. Additionally, two independent immunotherapy cohorts (IMvigor210 and GSE91061) in the
GEO database were retrieved to validate the potential effect of GLS on tumor immunotherapy. The patients
who developed complete or partial responses after immune checkpoint inhibitor (ICI) treatment were identified
as immunotherapeutic responders and those who developed stable or progressive diseases were identified as
non-responders. The differences in GLS expression between the responders and non-responders were explored,
and relevant immunotherapeutic survival curves were obtained via the “Start KM Plotter for immunotherapy”
module in the Kaplan-Meier Plotter database to infer immunotherapeutic prognosis in different GLS expression
subgroups.
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GLS-related gene enrichment analysis

The STRING (https://cn.string-db.org/) was manipulated to acquire the top 20 interactors relevant to GLS based
on the protein-protein interaction (PPI) network. “Full STRING network” was chosen in the settings options
and active interaction sources were limited to “experiments” and “databases”. Meanwhile, the “Correlation
Analysis” module in the GEPIA2 (http://gepia2.cancer-pku.cn/) platform was utilized to obtain the top 100
similar genes of GLS through Pearson correlation analysis. Whereafter, a correlation heatmap of the selected
genes was delineated across TCGA tumors to supply the correlativity between GLS and GLS-related genes
utilizing the “Exploration- Gene_Corr” module of the TIMER2.0 platform. To discover the influence of GLS on
pathways and biological processes, the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology
(GO) enrichment analysis were performed using the aforementioned 120 genes based on the “clusterProfiler
(v.4.4.4)” R package.

After that, we classified the TCGA tumor samples into different expression subgroups based on the GLS
expression median. With |LogFC|>1.0 and adjusted p <0.05 as the threshold value, the differential expression
genes between the two subgroups were calculated via the “DESeq2 (v.1.36.0)” R package. The Gene Set
Enrichment Analysis (GSEA) analysis subsequently was conducted via the “clusterProfiler” R package utilizing
the differentially expressed genes in different TCGA tumor types.

Gastric cancer population

We collected the clinical information of 295 patients who were pathologically diagnosed with GC at the
Department of Gastrointestinal Surgery of the First Hospital of Jilin University from January 2011 to
December 2016. All enrolled patients underwent gastric surgery but did not undergo preoperative neoadjuvant
chemoradiotherapy. We extracted clinical information of these GC patients, such as age, sex, body mass index,
smoking history, drinking history, pathological TNM stages (AJCC 8th), histological grades, lympho-vascular
invasion, perineurium invasion, and MSI, from the hospital’s medical record system. The clinical information
regarding these GC samples is summarized in Table S2. The data collection and further study were approved by
the Ethics Committee of the First Hospital of Jilin University (No0.2021 —493) and relevant informed consent was
obtained. Regular follow-up was performed in accordance with our previous study®®. All follow-up works were
completed until August 2022 and OS for each patient was calculated separately during follow-up.

Immunohistochemical staining and scoring

In the above GC population, 295 tumor tissues and 277 paired para-tumor tissues were acquired for THC staining.
Briefly, the paraffin sections were baked at 65 °C for 30 min, followed by dewaxing and rehydration. After
repairing the antigen with sodium citrate (MVS-0101, Maixim, China), the sections were placed in a wet box and
an endogenous peroxidase blocker (SP KIT-A3, Maixim, China) was added. Subsequently, normal non-immune
goat serum (SP KIT-B2 Maixim, China) was added for antigen blocking. Then, the tissue sections were incubated
with GLS monoclonal antibody (#56750, CST, USA) overnight at 4°C, followed by a secondary antibody (KIT-
5020, Maixim, China) for 30 min. After color detection with 3,3-diaminobenzidine tetrahydrochloride (DAB-
1031, Maixim, China), re-staining with hematoxylin and differentiation with hydrochloric alcohol were carried
out. Finally, the tissue sections were dehydrated and mounted.

The ASI system (Applied Spectral Imaging Ltd., Israel) was applied to estimate the staining intensity and the
percentage of stained tumor cells in each tissue section. The staining intensity was classified as 0 (no staining),
1 (light yellow), 2 (light brown), or 3 (brown). According to the percentage of stained tumor cells (pi) and the
staining intensity (i), the H-score (H-score=X(piXi)) was calculated to assess GLS protein expression levels in
different tissues. Subsequently, differences in GLS expression between tumor tissues and para-tumor tissues were
tested based on H-score. Based on the optimal cutoff value of the H-score, these patients were categorized into
different expression subgroups, and the OS was simultaneously visualized utilizing “survival” and “survminer” R
packages. Cox regression was performed to compute the hazard ratio (HR) for OS. The distribution of pathological
features between the different subgroups was subsequently assessed using the Chi-squared test. After univariate
and multivariate Cox regression analyses were performed using “survival” R package, the clinical nomograms
based on or without GLS H-score were constructed via “survival” and “rms (v.6.3.0)” R packages to conveniently
predict prognostic survival in GC patients. The 3-, 5-, and 7-year time-dependent ROC curves and calibration
curves were plotted to evaluate the nomogram’s predictive utility via “timeROC (v.0.4)”, “survival’, and “rms” R
packages. Similarly, we plotted ROC curves for the clinical and pathological variables shown in the nomogram
model to compare the difference in predictive accuracy between GLS-based risk model and these variables.

Cell culture and GLS targeted siRNA transfection

Immortalized gastric normal epithelial cell line GES-1 and GC cell lines, including AGS, MKN-1, and SNU-638,
were provided by ZQXZbio (Shanghai, China) and Procell Life Science & Technology (Wuhan, China). These
cells were cultured in RPMI-1640 medium with 10% fetal bovine serum (FBS) and 1% penicillin-streptomycin
solution and placed in a 37°C-incubator containing 5% CO,. Once the cell confluence reached 60-80% in culture
plates, siNC or siGLS (GenePharma, China) was transfected into GC cells utilizing lipofectamine RNAIMAX
(13778030, Invitrogen, USA) according to the manufacturer’s instruction. The oligonucleotide sequences for
siRNAs are displayed in Table S3. Briefly, Opti-MEM medium was used to dilute lipofectamine and siRNA
(10uM), respectively. Subsequently, they were mixed and incubated at room temperature for 5 min to prepare
the siRNA-liposomes that were then added to each well.

Quantitative real-time PCR (qPCR) assays
When GC cells were transfected for 48 h, we extracted cellular RNA using Molpure® Cell/Tissue Total RNA
Kit (19221ES50, YEASEN, China). The concentrations of the extracted RNA were quantified utilizing a
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NANODROP 2000c spectrophotometer (Thermo Scientific, USA). Subsequently, the reverse transcription
process was performed in C1000™ Thermal Cycler (BIO-RAD, Singapore) device utilizing the ToloScript RT
EasyMix for qPCR Kit (#22106, Tolo Biotech, China). All primers used for gPCR were synthesized following the
sequence in Table S4. The qPCR reaction was performed utilizing the 2xXQ3 SYBR qPCR Master Mix (#22204,
Tolo Biotech, China) premixed solution and LightCycler® 4801II Instrument (Roche, Switzerland). Additionally,
differential expression of GLS mRNA between normal GES-1 and GC cells was also performed following the
qPCR procedure described above.

Western blotting assays

Total protein of GC cells was extracted using RIPA Lysis Buffer (SL1010, CooLaber, China) and quantified
using BCA Protein Assay Kit (Z]101, Epizyme, China). Protein electrophoresis was performed using SDS-PAGE
Gel Rapid Preparation Kit (PG112, Epizyme, China) and Tris-Gly buffer system. Subsequently, the proteins in
the gel were transferred to the 0.45 pm pore size polyvinylidene fluoride (PVDF) membranes (IPVH00010,
MILLIPORE, USA). After sealing with 5% skim milk for 2 h, the PVDF membranes were incubated overnight at
4°C in anti-GLS antibody (#56750, CST, USA) and anti-p-Actin antibody (abs171598, Absin, China). The next
day, the secondary antibody labeled with HRP (H6162, UElandy, China) was incubated at room temperature for
binding to primary antibody. The ECL Femto Light Chemiluminescence Kit (SQ201, Epizyme, China) was used
for chemiluminescence detection of protein bands.

Cell counting Kit-8 (CCK-8) assays

CCK-8 assays were applied to explore the role of GLS knockdown in GC cell proliferation. GC cells were evenly
spread into 96-well plates with 1x 10* cells per well and cultivated to the desired confluence. The cell viability
was detected at 24 h, 48 h, and 72 h after siRNA transfection. 10 ul of CCK-8 (C6005, UElandy, China) solution
was added to each well and incubated in the incubator sheltered from light for 1 h. Ultimately, the absorbance of
each well was detected at 450 nm wavelength utilizing a microplate reader (Thermo Scientific, USA).

Wound healing assays

1x 10° GC cells were spread into each well of 6-well plates after transfection. Once their confluence was close to
100%, the cell layer was scratched vertically utilizing the 200 pl pipette tip and photographed under a microscope
immediately. After these GC cells were cultivated in an FBS-free medium for 48 h, the scratched sites were
photographed again. The Image]J (v.1.46r) software was utilized to calculate the cell migration distance between
the corresponding photographs.

Transwell migration assays

After transfection for 24 h with serum-free culture, we seeded 1x 10°> GC cells into the upper chamber (3422,
Corning, USA) with 200 pl of serum-free RPMI-1640 medium. Accordingly, we added 600 ul of medium
containing 20% FBS into the lower transwell chamber. While GC cells were cultured for 24 h, we lightly wiped
the GC cells in the upper chamber using cotton swabs, and then 4% paraformaldehyde was used to immobilize
GC cells entering the lower chamber. Finally, the migrating cells were stained using 0.1% crystal violet. Five
random microscopic fields were photographed and Image] software was used to estimate the cell number in
each field.

Matrigel invasion assays

A 10-fold dilution of the Matrigel (356234, Corning, USA) was performed using a cold FBS-free medium. Next,
we added 100 pl of diluted Matrigel into the upper transwell chamber and incubated in the incubator for at least
3 h to form a matrix film in the upper chamber. Subsequently, we seeded 1x 10° transfected GC cells with 200 pl
of FBS-free medium into the upper chamber. The subsequent operation was the same as the description in the
transwell migration assay.

Cell apoptosis assays

GC cells were seeded into 6-well plates with 2 x 10° cells per well and cultivated for 24 h. Subsequently, these cells
were transfected by siRNA and continued to be cultured for 48 h. The YF 488-Annexin V and PI Apoptosis Kit
(Y6002, UElandy, China) was utilized to assess the cell apoptosis levels based on the manufacturer’s instruction.
In brief, GC cells were digested using EDTA-free trypsin and collected in the centrifuge tubes, then these cells
were recovered in optimal cell culture conditions and medium for 30 min. Then they were washed twice using
cold PBS and were re-suspended with Annexin V binding buffer. After being filtered by 40 pm cell screens,
they were stained using YF'488-Annexin V and PI and incubated at room temperature for 15 min away from
light. Ultimately, 200 pl of Annexin V binding buffer was supplemented before detecting the apoptosis via flow
cytometry (BD, USA).

Statistical analysis

The normality of distribution and homogeneity of variance of continuous data were examined via the Shapiro-
Wilk test and Levene’s test, respectively, since they determined which statistical method was the optimal option.
Wilcoxon rank-sum test or independent-sample T test was selected to test the statistical differences between two
different subgroups. Similarly, Kruskal-Wallis test or One-way ANOVA was applied to analyze the significant
differences among multiple subgroups. Subsequently, a post-hoc test was performed for pairwise comparisons
by Dunn’s test or Tukey Honestly Significant Difference test when appropriate. Wilcoxon signed-rank test was
performed to test the statistical significance in paired samples. Correlation analyses were measured through the
Spearman or Pearson test when appropriate. The K-M curves were delineated based on diverse GLS expression
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subgroups categorized by the optimal cutoff value. Cox regression was performed to test the statistical differences
in survival curves. Univariate and multivariate Cox regression analyses were applied to identify prognostic risk
factors. Two-tailed p <0.05 was considered statistically significant. The R software (v.4.2.0) was utilized for
statistical analysis and the “ggplot2 (v.3.3.6)” R package was utilized to visualize analyzed data.

Results

GLS is abnormally expressed in human cancers

Through comparing transcription data between tumor and normal samples in the TCGA database, we discovered
GLS expression was notably upregulated in various malignancies, including CHOL, COAD, ESCA, HNSC, LIHC,
and STAD, whereas that was significantly downregulated in BRCA, GBM, KICH, KIRC, KIRP, LUAD, LUSC,
PCPG, and UCEC (Fig. 2A). After matching TCGA samples with GTEx data, upregulated GLS were found
additionally in DLBC, LAML, PAAD, READ, and THYM, but downregulated GLS were observed additionally
in ACC, BLCA, CESC, LGG, OV, PRAD, SKCM, THCA, and UCS (Fig. 2B). Additionally, differential expression
of paired samples between tumor tissues and adjacent tissues was observed in BRCA, CHOL, ESCA, HNSC,
KICH, KIRC, LIHC, LUSC, PRAD, STAD, THCA, and UCEC (Fig. 2C). Overall, we were surprised to notice
GLS was upregulated in the majority of digestive malignancies, while that was downregulated in almost all
urogenital malignancies. Notably, we unveiled a significant positive co-expression relationship between GLS
and currently known CRGs except the CDKN2A gene (Fig. 2D). In the HPA database, compared with normal
tissues, higher IHC staining was observed in colon cancer, cutaneous melanoma, thyroid cancer, pancreatic
carcinoid, lung cancer, and lymphoma (Fig. 2E). In terms of the total protein levels, the analysis results based on
CPTAC samples uncovered the significantly upregulated protein expression of GLS in COAD, HNSC, and LIHC,
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but downregulated expression in GBM, KIRC, and UCEC (Fig. 2F). These differences were consistent with the
trend of GLS mRNA expression in the corresponding tumors.

GLS expression is relevant to clinical characteristics in human cancers

With the assistance of the TNMplot tools, we attempted to explore the connection between GLS expression and
tumor-metastatic progression. We noticed a trend toward higher GLS expression in metastatic tumor tissues
compared with normal and primary tumor tissues in esophageal, hepatocellular, and skin cutaneous melanoma,
as well as thyroid cancers (Fig. 3A). After that, we made a thorough inquiry about the expression differences of
GLS in further detailed clinical characteristics. Interestingly, we realized GLS expression levels were upregulated
in KIRC, KIRP, LIHC, and LUAD in women compared with that in men (Fig. 3B). We also found GLS expression
levels in BRCA, KIRP, LTHC, and PAAD were increased in the patients aged 60 years or less compared with that
in the older (Fig. 3C). Furthermore, we uncovered that GLS expression was associated with the pathological
features in many cancers. Specifically, the differential expression of GLS was detected in KIRP, LIHC, PRAD,
READ, and THCA based on the categories of T stage (Fig. 3D). Likewise, that was found in KIRP, LIHC, PRAD,
and THCA based on the categories of N stage (Fig. 3E). Also, we indicated the significant connection between
GLS expression and histological grades in LIHC and UCEC (Fig. 3F). Additionally, we clearly observed GLS
expression was associated with TNM stages in KIRP, LIHC, THCA, and UCEC (Fig. 3G). Taken together, these
findings indicated a strong association between GLS expression and advanced clinicopathology in multiple
tumors, especially in LIHC, KIRP, and THCA.

GLS is a prognostic biomarker in human cancers

In TCGA and TARGET cohorts, we discovered high GLS expression was correlated with worse OS in STAD,
BRCA, ESCA, HNSC, KIRP, LAML, LGG, LIHC, MESO, and UCEC, worse PFI in BLCA, CESC, COAD, LUSC,
PRAD, SKCM-primary (SKCM-P), and UVM, and worse DFI in KIPAN (KICH, KIRC, and KIRP), PAAD, and
THCA (Fig. 4). In the Kaplan-Meier Plotter database, we noticed that the patients with higher GLS expression in
gastric, liver, colon, and ovarian cancer had significantly worse OS (Fig. S1). Collectively, high GLS expression
was well established to predict poor prognosis in these 20 tumor types, including BLCA, BRCA, CESC, COAD,
ESCA, HNSC, KIRP, LAML, LGG, LIHC, LUSC, MESO, OV, PAAD, PRAD, SKCM, STAD, THCA, UCEC and
UVM.

A p <0001 p < 0.001 p <0001 p <0142
p < 0.001 p < 0.001 p <0.001 p <0499
p <0.001 p < 0.001 p=0315 p <001
P = 2.27e-10 P = 1.64e-27 §000 P - 4.93e-16 P = 1.42e-02
6000
c 4000 [
el |\
$ 2000 i M\
o
g // 3000 ‘ 4000 I\ 4000
3 & / \
2 2000
\
& 1000 k ) 2000 | 2000
2 u 1000 /
3 1l /
/
0 g 0
Normal Tumor Metastatic Normal Tumor Metastatic Normal Tumor Metastatic Normal Tumor Metastatic
Esophagus Liver Skin Thyroid
B B Male B Female C B <60 B >60 D BETMET2ET3ET4
p <005
DBA0Y | gopr  P<0001 R0 g 40 p<00t <005 ®10{ _p<0001
o o p<005 O <005
G 8 5 8 G 8 o p<0.01
S P <0.001 S p<0.001 S p <001 p=0.001
2 6 — 26 2 6 p<0.001 <005 @@@
o 4 i ®
4 8 5
X 4 X 4 X 4
:: : : @ @ @ ? & % &
2 2 2
F 2 F 2 F 2
KIRC KIRP LIHC LUAD BRCA KIRP LIHC PAAD KIRP LIHC PRAD READ THCA

=

B N negative B N positive

104 p<001

The expression of GLS
&8 o0 ®

-

The expression of GLS

©

o

IS

N

EGIEG2EGIEG4

P <0.001
p <0001

Q

B Stage | B Stage || B Stage |

p<0.05
p<0.01

aye

=)

o

p<001

The expression of GLS
> o

~

Il B Stage IV

p<005
p<0.001

p<0.01

p<0.001

ILAAMM

KIRP

LIHC PRAD THCA

KIRP LIHC

THCA

UCEC

Fig. 3. Relationship between GLS expression and clinical characteristics in pan-cancer. (A) Association

between GLS expression and tumor metastasis in TNMplot database. (B-G) Differential expression of GLS in
different genders (B), ages (C), T stages (D), N stages (E), pathological grades (F), and TNM stages (G) based
on TCGA data.

Scientific Reports |

(2025) 15:525

| https://doi.org/10.1038/s41598-024-84916-w

nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

STAD BRCA ESCA HNSC KIRP
1.00 1.00 1.00 1.00 1.0
— Low — Low
> = > > — High > — High
3 075 3075 3 075 3 075 S 08
] 8 ] ] ]
8 8 8 8 8
<} 2 [} 050 4 <}
S 050 S a S 050 5
- < 050 = - 3 06
2z 2z 2 2 2
€ 025 4 5025 5 025 =1
« HR = 1.40 (1.02 - 1.9: ? 025 76 (1.17 - 2.67) « a HR = 157 (1.18 ~12,08) D 04 q4R = 2,66 (1.45 - 4.87)
P=0.040 07 P=0.024 P=0002 P=0.001
0.00 = T T T T T T T T 0.0, T T T T T T T T T T T T T 1
0 1000 2000 3000 0 2000 4000 6000 8000 0 1000 zoao 3000 0 2000 4000 6000 0 1000 2000 3000 4000 5000 600C
0s 0s
Low {201 34 7 4 Low-285 54 14 5 2 Low 1 Low {374 34 8 1 Low{166 71 34 10 0 0
High 4171 26 3 0 High 4759 169 16 6 2 High 4115 0 High 4135 12 1 0 High4110 38 12 2 1 1
LGG LIHC MESO UCEC
- 1.00 1.00 =
— High = > = 2 — High
£ 075 £ £ £
| g o E g o7
8 8 8 8
2 2 2 [
S 0.50 5 050 & 5
T K] I g 050
z 2 z Z
2 025 € o5 = N
HR =193 ( ! HR = 1.95 (1.31 - 2.90) @ HR = 1.97 (1.25 - 3.10) @ @ 0.25{HR =2.17 (1.04 - 452)
=000 P=0.001 P=0004 P=0039
T T T 0.00 T T T T T T T T T T
0 1000 2000 3000 4000 0 2000 4000 6000 0 1000 2000 3000 0 1000 2000 3000 4000
0s 0s 0s
Low 53 34 10 0 Low 186 28 6 1 Low {93 29 13 3 Low118 48 13 5 1
High 24 6 4 1 High 4288 28 6 0 High {248 72 20 3 High {48 1 2 0 0
CESC COAD PRAD
1.0 1.00 1.0 1.00
— Low — Low
2 Zo9 — High > 2 2z — High
3 3 3 075 5 08 3075
4 8 ] 8 4
8 Sos 8 8 K
<} 2 <} <} o
a a a 806 5
= 3 07 = 050 s < 050
> > 2> 2> 2
2 206 2 2 5
5 5 5 S 04 5
«» HR = 1.42 (1.04 - 1.93) « HR = 1.82 (1.08 - 3.08) D 025 1R = 1.58 (1.02 - 2.47) @ HR = 1.46 (1.05 - 2. @ 025 HR = 1.75 (1.16 - 2.66)
P=0027 059p=0025 P=0.042 P=0.026 P=0.008
r T T T T T T T T T T T T T T T T T T T T r T T T T T
0 1000 2000 3000 4000 5000 0 2000 4000 6000 0 1000 2000 3000 4000 0 1000 2000 3000 4000 | 5000 0 1000 2000 3000 4000 5000
Fl PFI PFI
Low 4185 40 15 3 0 Low 4173 53 20 9 6 Low 4235 81 3 12 5 1 Low 4345 131 38 9 2 0
High4212 40 17 7 3 High4102 22 5 1 0 Highq232 61 22 7 2 0 Highq147 55 8 2 1 1
KIPAN PAAD THCA
1.00 1.0 1.00 1.00
— Low — Low
2z 2z — Hgh 2 2z — High
= = = = 095
3075 508 3 075 3
g g g g
8 8 8 8
<} [} e 2 0.90
2050 o 2050 =
g goe g g
2 g H g0
3 0.25 =1 35 025 5
«» HR = 2.38 (1.20 - 4.73) D .4 4HR =204 (1.10 - 3.80) @ HR = 5.02 (1.46 - 17.25) P g0 {HR=262(1.17-582)
P=0013 040 P=0024 P=0010 P=0019
T T T T T T T T T T T T T T T T T T T T T T T T T
0 500 1000 1500 0 500 1000 1500 2000 2500 0 1000 2000 3000 4000 0 500 1000 1500 2000 0 1000 2000 3000 4000 5000
PFI DFI DFI
Low {71 22 5 1 Low{21 16 6 1 1 Low{154 85 53 24 0 Low {22 11 8 4 1 Lowq223 105 3 12 5 2
High 425 8 1 0 High 452 32 20 3 High 4165 68 29 13 1 High 446 17 5 2 1 High4120 53 22 11 6

Fig. 4. Survival analysis of GLS expression in pan-cancer, including OS, PFI, and DFI.

Single-cell functional analysis and spatial transcriptomic atlas of GLS in human cancers
Single-cell sequencing analysis was conducted via the CancerSEA database to examine whether GLS was relevant
to different functional states of tumor cells at single-cell resolution. As displayed in Fig. 5A, GLS expression was
positively relevant to tumor stemness, epithelial-mesenchymal transition (EMT), and inflammation in multiple
tumor types, but these correlations were relatively weak. Detailed relevance between GLS expression and 14
functional states across distinct cancers is displayed in Table S5. Then, we investigated the correlation between
GLS and the functional states in specific single-cell tumor samples. The results indicated GLS expression levels
were strongly positively relevant to metastasis, inflammation, EMT, and proliferation in AML, positively relevant
to angiogenesis and inflammation in retinoblastoma (RB), and negatively relevant to DNA repair, DNA damage,
and apoptosis in UVM (Fig. 5B). Meanwhile, the T-SNE diagrams showed GLS expression distribution at single-
cell resolution in LAML, RB, and UVM.

Since the above findings didn’t address the biological roles of GLS in STAD, single-cell analyses were
performed specifically to elucidate that. As demonstrated in Fig. 5C, different cell populations in STAD were
clearly distinguished in the UMAP diagram, and differential GLS expression among different cells was shown.
We found GLS expression was relatively higher in malignant cells among different cell lineages (Fig. 5D).
Meanwhile, we noticed the proportions of CD8" T lymphocytes, plasma cells, and fibroblasts were reduced by
about half in the GLS-positive group compared with the GLS-negative group in STAD (Fig. 5E). Furthermore,
some notorious cancer-related pathways were significantly enriched in STAD. The immunological pathways
such as “IL6 JAK STAT3 Signaling” and “Inflammatory Response”, the metabolic and mitochondrial pathways
related to glutamine metabolism and oxidative phosphorylation, and the proliferation and cell death pathways
such as “Myc Targets”, “Cuproptosis” and “Apoptosis’, as well as multiple key cancer-related signaling such as
“PI3K Akt MTOR Signaling”, “MTORCI Signaling”, “Hypoxia”, “EMT” and “KRAS Signaling’, were significantly
observed in GLS-positive malignant cells (Fig. 5F). These findings imply GLS may have the potential to regulate

Scientific Reports | (2025) 15:525 | https://doi.org/10.1038/s41598-024-84916-w nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

A B i, oo
2 Comelation  Pvalue
Differentition MM LU LUl Lol 054
W positive
W negtive l 8.5
g Metastasis Ml UL AL 000
o 7.1
< : 56
2 a2 onaton Lo L LML 0
M . | @@ o o
1.4 e WL AL AL S LA 036
Blood AL . @ @os 00
Expressior
@05 @os " Cuiescence MM LUMMALMLL UL o35
o
- ® -03 ® 03 30
0 50 3 s0 100 150 prtteration bt AU o33
& 0.0 00
o Correlation SNEI
7
Glioma . .
CNS/brain AST S
Conizion Palve
HGG . . . Angiog 057
WAD o 5 5 2 ’ Infammation MBSO
Lung
NSCIC e . . . . . . . . . Ll o
skin MEL . . .
Kidney RCC . . . . s
Beast | BRCA . .
qorety I
Head and neck HNSC
Conslaion Pralue
Ovary oV . [ ] . . . [ ] . . E
ONAdamage ——————_____ 045
Bovel CRC .
Apoptosis 040
B @ ¢+ © O o ° . o« .
e 50
w [ ] o . . ° . . . 0 2
1SNFI
C S D
Fibroblasts P < 0.001
¥ 10 D 5]
% j=3
F g
=]
£
- 200 ex
o 175 22
o 5
3 g o I 1.50 >
Gland m B 125 E
Q’( ¥ 1.00 E
g > '
st
o
-10
o o
< Mast
H < T T T
UMAP_1 Epithelials Immune cells Malignant cells Stromal cells
-10 0 10
umap_1
i i ility Transition
E F . ton | .
27% Glutamate Metabolism - [ ]
Plasma - 53% TNFa Signaling Via NF«B | A
: Myc Targets V1 -f
" 763% Complex IV ®
Pit mucous - 68.9% Calcium Homeostasis -
0.4% et Ig(palue)
i g Reactive Oxygen Species Pathway -| A b
Myofibroblasts o% e é
MTORC1 Signaling - A 5
5 Mast 4 08% Type Interferon Gamma Response - *
Ead 1% Oxidative Phosphorylation 4 | ] 10
=4 22% . Unfolded Protein Response | A
o Malignant < Negative Interferon Alpha Response | * 15
Q. 21%
g 134% Positi IL6 JAK STAT3 SHYPT‘XIE ] .A
o 1 " ositive ignaling |
o Gland mucous 145% Allograft Rejection -{ * Type
e PI3K Akt MTOR Signaling 4 A ©  Hiiiochondr]
i 4 A Inflammatory Response - * itochondria
Fibroblasts 33% Epithelial Mesenchymal Transition A [J Metabolism
1% Peroxisome - * A signaling
DCH IL2 STATS Signaling -{ A Proliferation
0% KRAS Signaling Up - A Immune
17% Vitamin Metabolism { ] # Cellbeath
CD8T+ 36% Cuproptosis| 4
Apoptosis{ K
H 4 Y F § Complex Il -
-1.0 -05 0.0 05 1.0 R . - - ,
001 0.00 001 002 0.03

Fold Change

Cell type

Fig. 5. Analysis of tumor single-cell sequencing in pan-cancer. (A) Correlation between GLS expression and
14 single-cell functional states. (B) T-SNE expression diagram and the most significantly correlated single-cell
functional states in AML, RB, and UM samples. (C) Cell type annotation and GLS expression identification
by UMAP in STAD. (D) Differential expression of GLS among different lineages in STAD. (E) Proportion

of each cell type in GLS-positive and GLS-negative expression groups in STAD. (F) Biological pathways

with significant differences between GLS-positive and GLS-negative groups in malignant cells of STAD.

©4p <0.001.

tumor immunity, metabolism, proliferation, progression, and cell death, which warrants further investigation
and experimental validation.

Meanwhile, we elucidated the spatial expression patterns of GLS in human tumor samples based on single-
cell transcriptomic and spatial transcriptomic data. As demonstrated in Fig. 6, we found GLS expression had a
highly similar spatial localization to that of tumor cells in BRCA, colorectal cancer (CRC), KIRC, LUAD, LUSC,
OV, SKCM, and gastrointestinal stromal tumors (GIST). In these tumor tissues, higher GLS expression levels
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Fig. 6. Spatial transcriptome expression atlas of GLS in human cancers.

were observed in malignant and mixed-malignant spots compared to the spots composed of non-malignant
cells, in which GLS expression levels were the lowest. These findings imply that the spatial expression of GLS
in TME is mainly derived from tumor cells, and therefore tumor cells may have a stronger ability to utilize
glutamine than non-tumor cells such as immune cells.

GLS expression is associated with genetic alteration and genomic heterogeneity

We queried the information on GLS alteration across TCGA pan-cancer cohorts through retrieving the
cBioPortal database. As indicated in Fig. 7A, its alteration frequency in UCEC was the highest (5.86%), and
mutation and amplification were the two dominating types in all TCGA tumors. As displayed in Figs. 7B and
103 mutation sites were identified in its protein structure where the genetic missense was the most common
mutation type. The mutation sites seemed to be mainly concentrated in the glutaminase component segment
(244-530). For example, we observed the occurrence of missense or nonsense mutations (amino acid change:
R387Q) with underlying clinical significance in three UCEC patients. Their detailed mutation sites were shown
in the stereoscopic protein structure of GLS (Fig. 7C). To further investigate the significance of GLS mutation
for UCEC patients, we explored the association between GLS mutation and multiple infiltrated immune cells via
the TIMER2.0 database. Obviously, the cohorts with mutated GLS in UCEC samples showed more abundances
of CD8" T cells, B cells, myeloid dendritic cells, and M1 macrophages than the cohorts with wild-type GLS
(Fig. S2). This could mean GLS mutation affects its enzymatic metabolic activity, resulting in changes in the
immune cell infiltration and tumor immune microenvironment. Unfortunately, there is currently a lack of data
to elucidate the roles of GLS mutations in UCEC prognosis.

Moreover, the relevance between GLS and genomic heterogeneity was analyzed. We witnessed GLS expression
had a significant positive relevance to chromosome ploidy in COAD, STAD, and UCEC (Fig. 7D), suggesting
that high-GLS expression may cause abnormal chromosome numbers in tumor cells. We also discovered GLS
expression had a significant positive relevance to HRD in eight tumors, including BRCA, COAD, HNSC, KIRP,
LIHC, PRAD, STAD, and UCEC, implying that the homologous recombination repair of these tumor cells is
dysfunctional and patients with high-GLS expression may be highly sensitive to poly (ADP-ribose) polymerase
(PARP) inhibitors and platinum-based chemotherapy agents (Fig. 7E). Simultaneously, we found higher GLS
expression predicted higher MATH, that is, the greater tumor heterogeneity, in COAD, LIHC, LUAD, STAD,
and UCEC (Fig. 7F). Overall, these results demonstrated GLS expression levels were dramatically relevant to
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increased genomic instability and tumor heterogeneity, especially in STAD, COAD, LIHC, and UCEC, which
may be one of the reasons for their worse prognosis.

GLS expression is relevant to the therapeutic sensitivity of antitumor drugs

We analyzed whether GLS expression levels were relevant to the sensitivity of antitumor drugs utilizing the
pharmacogenomic datasets in the CellMiner database where we selected the classical NCI-60 cancer cells to
detect the activities of drugs in vitro. The findings indicated GLS expression was relevant to enhanced activities
of various targeted drugs, such as afatinib, dacomitinib, erdafitinib, erlotinib, gefitinib, ibrutinib, lapatinib,
midostaurin, neratinib, and vandetanib. However, GLS expression was associated with therapeutic resistance
to several common chemotherapy and endocrine therapy drugs, such as actinomycin D, docetaxel, fulvestrant,
vinorelbine, and paclitaxel (Fig. 8). These results provide substantial implications and references for the selection
of clinical treatment strategies and individualized precision therapy.

GLS expression regulates various cell infiltration in the TME

We performed ssGSEA analysis on the above tumor types whose prognosis is associated with GLS, and the
results demonstrated high GLS expression was significantly relevant to various immune cell infiltration in the
TME. Specifically, in COAD, infiltrated B cells, T cells, Th17 cells, DCs, NK cells, and cytotoxic cells decreased
in the high-GLS samples (Fig. 9A). In HNSC, infiltrated B cells, T cells, CD8" T cells, Th17 cells, DCs, and
cytotoxic cells decreased in the high-GLS samples, while Th2 cell infiltration increased in that (Fig. 9B). In
KIRP, the infiltration of CD8* T cells, DCs, eosinophils, NK cells, and cytotoxic cells decreased in the high-
GLS subgroup, while Th2 cell infiltration increased in that (Fig. 9C). In LAML, the levels of Th17 cells, DCs,
eosinophils, macrophages, and neutrophils decreased in the high-GLS subgroup, while mast cell infiltration
increased in that (Fig. 9D). In LGG, high-GLS expression meant less infiltrated levels of CD8* T cells, Th17 cells,
and DCs, whereas more infiltration of Th2 cells and mast cells (Fig. 9E). In LIHC, high-GLS expression meant
less infiltration of Th17 cells, DCs, neutrophils, and cytotoxic cells, but more infiltration of Th2 cells (Fig. 9F).
In STAD, high-GLS levels meant less infiltration of CD8* T cells, Th17 cells, DCs, and NK cells, while more
infiltration of Th2 cells (Fig. 9G). In UCEC, high-GLS levels meant less infiltrated levels of B cells, T cells, Th17
cells, and cytotoxic cells, while also more infiltration of Th2 cells (Fig. 9H). Overall, high-GLS expression was
relevant to the reduction of B cells, CD8" T cells, Th17 cells, DCs, NK cells, and cytotoxic cells, and the increase
of Th2 cells in the TME.
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Fig. 8. Roles of GLS expression in antitumor drug activities, including afatinib, dacomitinib, erdafitinib,
erlotinib, gefitinib, ibrutinib, lapatinib, midostaurin, neratinib, vandetanib, actinomycin D, docetaxel,
fulvestrant, vinorelbine, and paclitaxel.

The findings from TIMER2.0 also revealed GLS expression was significantly negatively related to
antineoplastic Th1 cell infiltration across almost all tumors, while it’s positively relevant to cancer-promoting
Th2 cell infiltration across most tumor types (Fig. 9I). Simultaneously, GLS expression was negatively correlated
with anti-tumor CD8* T lymphocyte abundance in HNSC, UCEC, and CESC (Fig. 9]). Then, we were surprised
to discover GLS expression levels were significantly positively associated with CAF infiltration across almost
all tumors, such as BRCA, COAD, ESCA, HNSC, LIHC, LUSC, OV, PAAD, and UCEC (Fig. 9K). This provides
crucial evidence that high-GLS levels are relevant to poor survival in these tumors. For endothelial cells, with
the increase of GLS expression, we observed that the infiltrated abundances intensified significantly in six tumor
types, including COAD, HNSC, LUSC, OV, PAAD, and TGCT (Fig. 9L), which may be relevant to the enhanced
angiogenesis of these tumors with poor survival. In terms of immunosuppressive Tregs, there were higher
infiltration levels with the increase of GLS expression in LIHC and THCA (Fig. 9M). Furthermore, as shown
in Fig. 9N, the increased infiltration of immunosuppressive MDSCs was detected in multiple tumors with poor
survival, such as COAD, HNSC, LGG, LIHC, and UCEC. Overall, GLS expression may be an immunological
biomarker of the TME favorable to tumorigenesis and progression.

GLS expression is related to immunoregulation and immunotherapy

The relevance between the GLS expression and immunomodulatory genes was explored. As displayed in Fig. 10A,
the expression of almost all 24 immunoinhibitory checkpoints was strongly positively associated with GLS
expression in the overwhelming majority of tumor types. Of note, we witnessed the expression levels of CD274
(PD-L1) in 25 tumors, PDCD1 (PD-1) in 10 tumors, and CTLA4 in 16 tumors were significantly positively
correlated with GLS expression (Fig. 10A), suggesting GLS expression might be associated with more immune
brakes and immune escape in these tumors that covered almost all tumor types with poor prognosis associated
with GLS expression. Additionally, a large number of chemokines were found to be positively related to GLS
in the vast majority of TCGA tumors, especially in BRCA, HNSC, LIHC, LUSC, PAAD, THCA, UCEC, ACC,
LUAD, PCPG, PRAD, and BLCA (Fig. 10B). Consistent with chemokines, the majority of chemokine receptors
in these tumors were also positively associated with GLS expression (Fig. 10C). For instance, the expression
levels of CCR1, CCR2, CCR3, CCR4, CCR5, CCR6, CCR8, CCR9, CXCR2, CXCR4, CXCR6 and CX3CR1 were
positively associated with GLS expression in a host of tumors. These findings implied targeting GLS was likely to
play non-negligible roles in the immunotherapy against chemokine receptors.

Since only small subsets of tumor patients can benefit from ICI immunotherapy, we further investigated
its relationship with MSI, TMB, neoantigen, and IPS scores to predict immunotherapeutic response in tumor
patients. Unfortunately, we noticed the patients who were detected high-GLS levels had lower MSI in COAD,
HNSC, DLBC, KICH, and PRAD (Fig. 10D), fewer TMB in COAD, STAD, and CHOL (Fig. 10E), and fewer
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Fig. 9. Roles of GLS expression in TME in pan-cancer. (A-H) Differences of various immune cell infiltration
between different GLS expression subgroups across TCGA pan-cancer cohorts. (I-N) Correlation between GLS
expression and the infiltration of immune and stroma cells, including CD4" T cells (I), CD8" T cells (J), CAFs
(K), ECs (L), Tregs (M), and MDSCs (N). *p <0.05; **p <0.01; ***p <0.001.

neoantigens in COAD and CHOL (Fig. 10F), which meant GLS expression may be associated with weaker
immunogenicity in these tumors. Meanwhile, the immunotherapeutic prediction analyses in different tumors
revealed that IPS scores decreased to varying degrees in different subgroups with high-GLS expression.
Predictably, for the patients with high GLS levels in COAD, the combined application of CTLA4 and PD-1/
PD-L1 inhibitors might have a worse immunotherapeutic response (Fig. 10G). Worse yet, for the patients with
high-GLS expression in STAD, UCEC, SKCM, and OV, multiple immunotherapeutic modalities, including anti-
CTLA4, anti-PD-1/anti-PD-L1, and combination treatment, might have poorer clinical efficacy (Fig. 10H).
Additionally, high-GLS expression predicted a worse response to anti-PD-1/anti-PD-L1 treatment in BRCA,
KIRP, LTHC, and THCA (Fig. 10I).

We further explored the predictive roles of GLS utilizing two independent immunotherapy cohorts, including
the metastatic urothelial carcinoma (IMvigor210) cohort and the melanoma (GSE91061) cohort. As presented in
Fig. 10], we found GLS expression in the response subgroup was considerably lower than that in the non-response
subgroup in the metastatic urothelial carcinoma with anti-PD-L1 treatment. Consistent with the response to
immunotherapy, a lower expression level of GLS had a better clinical OS (Fig. 10L). In another melanoma cohort
with anti-PD-1/anti-CTLA4 treatment, it was visible that the patients who responded to immunotherapy had a
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Fig. 10. Association of GLS expression with immunomodulatory genes and immunotherapy in pan-cancer.
(A-C) Correlation heatmap between GLS expression and inhibitory immune checkpoints (A), chemokines
(B), and chemokine receptors (C). (D-F) Relationship between GLS expression and MSI (D), TMB (E), and
neoantigen (F). (G-I) Differences of IPS scores between different GLS expression subgroups in TCGA cohorts.
(J, K) Expression levels of GLS in the patients with response and non-response to immunotherapy in the
independent metastatic urothelial carcinoma cohort (J) and melanoma cohort (K). (L) Kaplan-Meier curves
on OS for patients with high and low GLS expression in urothelial carcinoma. (M, N) Kaplan-Meier curves

on OS (M) and PFS (N) for patients with high and low GLS expression in melanoma. *p <0.05; **p <0.01;
0t < 0.001.
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dramatically lower expression level of GLS (Fig. 10K). The K-M curves supported lower expression level of GLS
had a better clinical OS and progression-free survival (PFS) in melanoma (Fig. 10M, N). Taken together, patients
with high expression levels of GLS may benefit less from immunotherapy for these abovementioned tumors,
even though their PD-1/PD-L1/CTLA4 may be positive. Hence, immunotherapy in combination with targeting
GLS as a logjam breaker may be a potential strategy to increase tumor immunogenicity and immunotherapy
efficacy.

GLS-related genes and gene enrichment analysis in human cancers

The latent function and biomolecular mechanism of GLS in tumorigenesis and progression were investigated
through gene enrichment analysis. Firstly, we established the PPI network based on the STRING database,
where a total of 20 GLS-related interactors were obtained for subsequent analysis (Fig. S3A). Meanwhile, the
top 100 similar genes were acquired via the GEPIA2 platform. We found GLS expression was strongly positively
associated with GLS-related genes across almost all tumor types (Fig. S3B, C). Next, we integrated these 120
genes for KEGG and GO enrichment analysis (Table S6). The KEGG pathway analysis illustrated multiple
metabolic pathways, such as “alanine, aspartate, and glutamate metabolism”, “arginine biosynthesis”, “glycine,
serine, and threonine metabolism’, “taurine and hypotaurine metabolism”, “nitrogen metabolism”, “carbon
metabolism”, “one carbon pool by folate”, and “glyoxylate and dicarboxylate metabolism”, were significantly
enriched (Fig. 11A). The reprogramming of these metabolic pathways might act a pivotal part in tumorigenesis
and progression. The GO analysis also illustrated that GLS-related genes were significantly associated with the
amino acid metabolism process and molecular transmembrane transport (Fig. 11B). Detailed results about
KEGG and GO enrichment analysis are provided in Table S7. The connection networks between the key GLS-
related molecules and KEGG pathways and GO terms were exhibited in Fig. 11C.

To further seek the potential oncogenic pathways of GLS, the GSEA analyses were performed based on the
GLS-classified differential genes, and the top five representative enrichment pathways were visualized across
20 tumor types with poor prognosis associated with GLS expression. The differential genes in each of the 20
cancers are shown in Table S8. As exhibited in Fig. 12, compared with the low GLS expression groups, common
downregulated enrichment pathways in the high GLS expression groups included “innate immune system”, “Fcy
receptor (FcyR) dependent phagocytosis’, “FcyR activation”, “antigen activates B cell receptor (BCR) leading
to generation of second messengers”, “CD22 mediated BCR regulation”, “signaling by the BCR”, and “binding
and uptake of ligands by scavenger receptors” Meanwhile, representative upregulated pathways in the high
GLS expression groups included “extracellular matrix (ECM) organization’, “degradation of the ECM”, “ECM
regulators”, “ECM receptor interaction”, and “collagen formation” These results fully confirm GLS expression is
closely relevant to the decline of innate and adaptive immune responses and the increase of ECM remodeling
and tumor migration in the immune microenvironment. Notably, we witnessed prominent enrichment of
several classical carcinogenic signaling pathways at high GLS expression, such as PI3K/Akt/mTOR signaling axis
and receptor tyrosine kinases signaling pathway in LTHC, and VEGFA/VEGFR2 signaling pathway and MAPK
family signaling cascades in THCA. These aforementioned potential cancer-related pathways are conducive to
understanding the molecular mechanism of GLS and developing targeted therapies and immunotherapies.

Validation analysis in GC population

Since we identified differential GLS expression as a potential biomarker of tumor progression and prognosis
through public database analyses, it’s essential to validate relevant findings using an actual clinical GC cohort. As
demonstrated in Fig. 13A, GLS protein was mainly undetectable or had relatively weak staining detected in para-
cancerous tissues, but relatively strong staining in tumor tissues. The GLS levels were higher in tumor tissues
compared to para-tumor tissues based on the differential analyses in both matched and unmatched samples
(Fig. 13B, C). Survival analysis revealed patients with low-GLS protein expression had a better OS (Fig. 13D).
In the subgroup with high-GLS expression, GC patients had worse clinicopathological T stage (Fig. 13E) and N
stage (Fig. 13F), as well as more lympho-vascular invasion (Fig. 13G). Univariate and multivariate Cox regression
analyses revealed GLS protein levels were an independent risk factor for GC prognosis (Fig. 13H, I). These
findings confirmed that high-GLS expression is an effective biomarker for GC progression and prognosis. Based
on the excellent performance of GLS in GC prognosis, we constructed a nomogram using GLS H-score and
clinical and pathological variables to forecast the prognosis of GC patients (Fig. 13]). The 3-, 5-, and 7-year AUC
values were 0.681, 0.744, and 0.785, respectively, close to or greater than 0.70 (Fig. 13K). The 3-, 5-, and 7-year
calibration curves confirmed that nomogram-based survival prediction matched well with the best predictive
performance (Fig. 13L). However, in the nomogram constructed using clinical and pathological variables and
without GLS H-score, the 3-, 5-, and 7-year AUC values were 0.631, 0.693, and 0.706, respectively, which was
obviously worse in predictive performance than the nomogram constructed based on GLS expression (Fig. $4).
In addition, the GLS-based risk scores had the greatest AUC values at 3, 5, and 7 years, compared to other clinical
and pathological variables (Fig. 13M-O). These results explain the importance of GLS in the construction of
nomogram model.

Validation analysis in GC cells in vitro

In addition to clinical cohort validation, the biological functions of GLS in GC cells remain to be elucidated. To
further validate its carcinogenicity, we investigated its expression levels in GC cells in vitro and its regulatory
roles in the proliferation, migration, invasion, and apoptosis of GC cells. GLS expression levels were relatively
higher in MKN-1, AGS, and SNU-638 cells compared to normal GES-1 cells (Fig. 14A, C). Subsequently, we
successfully inhibited the expression levels of GLS in AGS and SNU-638 GC cells by siGLS transfection (Fig. 14B,
D). The CCK-8 assays demonstrated the suppression of GLS expression in GC cells could observably impede the
proliferation of tumor cells at 48 h and 72 h after transfection (Fig. 14E, F). The wound-healing assays suggested
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Fig. 11. KEGG and GO enrichment analysis. (A) KEGG pathway enrichment analysis. (B) GO functional
enrichment analysis, including biological process (BP), cellular component (CC), and molecular function
(MF). (C) Interactions of key GLS-related genes with KEGG pathway and GO terms.

that GLS downregulation in GC cells could significantly interfere with their migration ability (Fig. 14G, H). The
transwell migration assays further confirmed that inhibiting GLS expression prominently reduced the number of
GC cell migrations (Fig. 141, J). Furthermore, we noticed the expressed downregulation of GLS could effectively
attenuate the invasion ability of GC cells (Fig. 14K, L). Moreover, an increased percentage of apoptosis in GC
cells was detected when GLS expression levels were suppressed (Fig. 14M, N). Together, these results imply that
GLS plays a pivotal part in the oncological behavior including proliferation, migration, invasion, and apoptosis
in GC.

Discussion

GLS, a gatekeeper of glutamine metabolism, reprograms the cellular energy metabolism and resists cellular
oxidative stress, thus promoting tumorigenesis and progression®'%?”. Nevertheless, its underlying biological
roles in tumor progression, prognosis, immune microenvironment, and immunotherapy remain unclarified. In
this study, we conducted a pan-cancer analysis and related validation to understand its biological functions and
oncogenic mechanisms. We noticed the expression levels of GLS mainly increased in digestive malignancies.
These tumors may initiate the metabolic reprogramming of glutamine by upregulating GLS expression to
sustain required energy metabolism, redox homeostasis, and biological synthesis. Nevertheless, the expression
levels of GLS mainly decreased in urogenital malignancies. The reason we speculate is that the a-ketoglutarate,
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a precursor required for the TCA cycle, may be supplemented primarily by gluconic glycolysis and pyruvate
carboxylation rather than glutaminolysis in these cancers'. These findings suggest GLS may play heterogeneous
roles in different tumor types, and the features of glutamine metabolism may depend on the origin of tumor
tissues. Interestingly, we noticed GLS was more highly expressed in women and younger patients across
multiple cancer types. We consider that GLS expression may be relevant to female estrogen levels, as previous
research has confirmed that estrogen observably promotes GLS upregulation via c-Myc and enhances glutamine
metabolism?®
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Fig. 13. Validation analysis in clinical GC cohort. (A) Representative GLS IHC images of tumor tissues and
corresponding para-tumor tissues. (B) Differential expression of GLS protein between tumor tissues and
paired normal tissues. (C) Differential expression of GLS protein between tumor tissues and unpaired normal
tissues. (D) Differences in Kaplan-Meier curves for OS between different GLS expression subgroups. (E-G)
Relationship between GLS expression and pathological T stage (E), N stage (F), and lympho-vascular invasion
(G). (H, I) Univariate Cox regression analysis (H) and multivariate Cox regression analysis (I). (J) Nomogram
for the prediction of 3-, 5- and 7-year OS in GC patients. (K) Time-dependent ROC curves of the nomogram.
(L) Calibration curves of the nomogram. (M-O) Comparison of ROC curves of GLS-based risk scores and
clinical and pathological variables at 3 (M), 5 (N), and 7 years (O). ***p <0.001.
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Fig. 14. Validation analysis in GC cells in vitro. (A) GLS mRNA expression in GC cells and normal gastric
epithelial cells. (B) GLS mRNA expression in GC cells were inhibited by GLS-targeting siRNA. (C) GLS
protein expression in GC cells and normal gastric epithelial cells. (D) GLS protein expression in GC cells

were inhibited by GLS-targeting siRNA. (E, F) CCK-8 assays revealed that inhibition of GLS expression can
significantly reduce the proliferation ability of AGS cells (E) and SNU-638 cells (F). (G, H) Wound healing
assays revealed that inhibition of GLS expression can significantly reduce the migration distance of GC cells. (I,
J) Transwell migration assays revealed that inhibition of GLS expression can significantly reduce the migration
ability of GC cells. (K, L) Matrigel invasion assays revealed that inhibition of GLS expression can significantly
reduce the invasion ability of GC cells. (M, N) Cell apoptosis assays revealed that inhibition of GLS expression
can significantly induce the death of GC cells. **p <0.01; ***p <0.001.

Our study found GLS expression was a considerable underlying biomarker for tumor progression and
prognosis. For instance, in liver and stomach cancer, we noticed a strong relationship between GLS expression
and advanced clinicopathologic characteristics and unfavorable survival outcomes. In vitro experiments also
found that when GLS expression was suppressed, the proliferative activity and progress capacity of GC cells
were dramatically reduced. These results were supported by previous research in liver and stomach tumors®-3!.
Notably, we witnessed GLS expression was observably relevant to different single-cell functional states of certain
tumor cells, such as angiogenesis, EMT, and stemness. Evidence revealed that the vascular sprouting and
pathological angiogenesis depended on the multiple essential metabolic pathways in endothelial cells, including
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glutamine®?. The scientific research demonstrated GLS inhibition reduced the endothelial sprouting and
pathological angiogenesis, but supplementing the TCA cycle substrate could resume endothelial proliferation
in the glutamine-deficient cells*®>. Furthermore, glutamine metabolism played a regulatory role in EMT,
which was noticed in previous investigations in which GLS knockdown or glutamine deprivation upregulated
E-cadherin and downregulated vimentin®*. Moreover, evidence deciphered that glutaminolysis could induce
tumor stemness properties and targeting GLS attenuated tumorous stemness by inhibiting the Wnt/f-catenin
pathway?>¥. Overall, these results suggest that GLS-mediated glutamine metabolic reprogramming is critical
for assessing tumor progress and malignant hallmarks. Blocking this reprogramming is a potential antitumor
therapeutic strategy that may ameliorate patients’ outcomes.

The TME provides a sanctuary for tumor cells from immune destruction, where the tumor cells receive
nutritional support for survival and metabolism. Abundant evidence suggested the TME influenced the
therapeutic response and clinical prognosis, so targeting the TME components provided an opportunity for tumor
therapy®®’. The metabolic reprogramming of tumors can shape the TME, thereby limiting immune response
and providing an obstacle to oncotherapy*. We witnessed a significant decrease in multiple antitumor immune
cells in the high-GLS expression subgroup, and even an increase in immunosuppressor cells and dysregulation
of Th1/Th2 homeostasis in the TME, suggesting that the metabolic reprogramming of glutamine may disrupt
antitumor immunity and assist tumor cells to achieve immune escape. Since both tumor proliferation and
immune activation are highly dependent on glutamine, tumor cells and immune cells in the TME are constantly
in a tug of war to compete for limited glutamine resources®. Spatial transcriptome analyses revealed the spatial
expression of GLS in the TME was mainly derived from tumor cells, rather than non-tumor components such
as immune cells. Hence, tumor cells with high-GLS involvement may gain priority over immune cells in the
competition for acquisition and utilization of glutamine, which poses a severe challenge to immune cells to
maintain their antitumor response and function’. Meanwhile, a host of immunosuppressive cells could take
advantage of the opportunity to further deteriorate the antitumor immunity. Ample direct evidence demonstrated
the influence of glutamine metabolism on CD8* T lymphocytes and the inhibition of corresponding glutamine
metabolism could reestablish the TME favorable to the proliferation and activation of CD8*T cells, thus making
them present the characteristics of immune memory and enhance cytotoxicity**-42. Recent preclinical research
also confirmed GLS inhibitor CB-839 can effectively improve the cytotoxicity of tumor-infiltrating lymphocytes
against patient-derived melanoma cells*®. Therefore, targeting GLS-mediated tumor metabolic reprogramming
holds promise for reversing the vulnerable position of immune cells in glutamine competition and could provide
valuable insights into precise TME regulation and innovative therapeutic strategies in future clinical practice.

Immunotherapy is one of the frontiers for human cancers. Despite some breakthroughs in immunotherapy,
the overall therapeutic effect at the current stage remains unsatisfactory**. Since most patients cannot benefit
from immunotherapy, it is urgent to evaluate which patients may be suitable for immunotherapy. In this
research, we revealed that GLS expression levels were positively correlated with immunosuppressive checkpoints
across almost all cancers, which provides the premise for the combination treatment program. Unfortunately,
we found that patients with high GLS expression may not benefit from existing immunotherapies due to poor
therapeutic response and survival, which may be attributed to cytotoxic lymphocytes failing in this battle
to capture glutamine and thus losing their immunological effects®>. Even worse, GLS-mediated glutamine
metabolic reprogramming may be closely related to the cold tumor immune microenvironment, as it has been
proven, after all, that inhibiting glutamine metabolism is conducive to the immunological transition from “cold”
TME into “hot” TME**¥. Though this malignant metabolic hallmark is like a fog shrouding immunotherapy,
once a breakthrough is made, it will become a new shine to remove obstacles for immunotherapy*®. Given
that, forward-looking researchers have now likened the regulation of glutamine metabolism to the rising star
of antitumor immunotherapy®®. Related preclinical studies revealed the combination of GLS antagonists and
ICIs boosted the immunological infiltration and the function of T cells and improved the antitumor efficacy of
ICIs in tumor-bearing mice*®**, Meanwhile, GLS inhibition has also achieved remarkable efficacy in adoptive
cellular immunotherapy, such as CAR-T therapy***’. Most notably, although the current scientific community
generally recognizes that glutamine has a vital role in the proliferation and antitumor activity of immune cells,
GLS inhibition didn’t cause these cells to lose metabolic capacity, and instead, an enhancement in the number
and function of lymphocytes were observed***°. These breakthrough results have ignited an intense interest in
the intricate crosstalk between GLS-mediated metabolic reprogramming and the TME. However, there is still
an urgent need to conduct clinical trials to further confirm the efficacy and safety of targeted GLS combined
immunotherapy in the future.

In addition to focusing on immunotherapy response, we also witnessed GLS expression was relevant to
enhanced activities of various targeted drugs, but with therapeutic resistance of several common chemotherapy
and endocrine therapy drugs. Recent investigations have recognized tumor metabolic reprogramming is closely
relevant to antitumor drug sensitivity’!. Overwhelming evidence has demonstrated glutamine reprogramming
contributes to multidrug resistance of tumor cells, and targeting glutamine metabolism is an effective strategy
to reverse therapeutic resistance®>>. A related mechanism may be that GLS inhibition is conducive to the
consumption of glutathione that maintains redox homeostasis in tumor cells, thereby enhancing drug-induced
oxidative damage>*. Previous investigators confirmed the idea that GLS inhibitor could resume the radiosensitivity
of non-small cell lung cancer patients undergoing radiotherapy by disrupting the redox balance®. These results
not only strongly supported the influence of GLS-mediated glutamine metabolism on antitumor therapy, but
provided substantial references for the selection of clinical treatment strategies and individualized combined
precision therapy. Nevertheless, before translating these findings into clinical practice in the future, we still
need to verify the exact effects of GLS expression on the activity of these drugs through in vivo and in vitro
experiments.
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Gene enrichment analysis not only further suggested that GLS expression might impair innate and adaptive
immune responses, but also found multiple highly enriched tumorigenic pathways in certain cancers. For
example, the PI3K/Akt/mTOR signaling pathway was significantly upregulated in LIHC. Evidence demonstrated
GLS regulated cyclin D2 through enhancing the PI3K/Akt/mTOR signaling to promote cell proliferation and
progress>C. Interestingly, suppressing the mTOR pathway could also inhibit GLS activity, resulting in reduced
glutamine-mediated tumor proliferation®’. These findings imply that the interweaving between GLS and mTOR
signaling should be bidirectional and the crosstalk between them may be progressively amplified like a rolling
snowball. Notably, the inflammatory immune microenvironment involved in the pathogenesis and progression
of human diseases has received increasing attention recently®®>*. Our enrichment analysis and immunological
findings revealed GLS expression might regulate cytokine- and chemokine-related pathways in the TME. A
recent study has unveiled GLS blockade downregulated IL-10 production by suppressing mTOR activation®.
Combined inhibition of several key metabolic enzymes, including GLS, also downregulated the expression
levels of multiple chemokines and growth factors related to colon cancer®!. Hence, blocking GLS may be greatly
beneficial for the reversal of the pro-cancer inflammatory microenvironment. Overall, these potential pathways
were likely to explain the carcinogenic mechanism of GLS and contribute to underlying therapeutic targets.

On a cautionary note, our research still has certain limitations. Firstly, our study lacks experimental
investigations on the specific carcinogenic mechanisms of GLS in the TME. Secondly, the underlying mechanisms
of GLS on cuproptosis still require further exploration. Thirdly, further investigations in vivo and in vitro will be
conducted in the following work to clarify whether the TME and immune response are altered through targeting
GLS in multiple cancers.

Conclusion

In conclusion, GLS is an underlying biomarker for tumor progression, prognosis, conventional antitumor therapy,
and immunotherapy, which is beneficial for the identification of suitable patients to formulate individualized
and combined treatment strategies. However, since we don’'t yet know enough about the biological functions of
GLS, there is still a long way to go to achieve its therapeutic goals and clinical translation. Meanwhile, further
drug development and related clinical trials need to be put on the agenda as soon as possible.

Data availability
All data generated or analysed during this study are included in this published article and its Supplementary
Information files. Further inquiries can be directed to the corresponding authors.
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